The problem of variational data assimilation (estimation) for a nonlinear model is considered in general operator formulation. Hessian-based methods are presented to compute the estimation error covariances. The importance of dynamic formulation and the role of the Hessian and its inverse are discussed.
Variational data assimilation: basic concept
Let us consider a mathematical (or numerical) model which describes behaviour of a natural system in terms of its state variables X ∈ X. Let U ∈ U be the set of the model inputs (controls), then the model can be considered as a 'control-to-state' mapping M : U → X, such that X = M(U)
( 1.1) where U and X are the input and state spaces, respectively. For modelling the system behaviour the true input vectorŪ must be specified. Under the 'perfect model' assumption the following can be postulated:X = M(Ū).
In reality, some components ofŪ contain uncertainties ε ∈ U. Thus, instead ofŪ we use its best available approximation (background/prior)
where ε is also called the background error. Because of the presence of ε, the predicted state X|U * = M(U * ), that is, X evaluated (or conditioned) on U * , also contains an error δX = M(U * ) − M(Ū).
The state observing tools are represented by an observation operator C : X → Y in the form
where G : U → Y is a generalized input-to-observations mapping and Y is the 'observation' space. The true observations would beȲ = G(Ū), however the actual observations usually contain noise ξ (observation uncertainty):
The aim of data assimilation is to obtainÛ = U|Y * , i.e., an estimate of U conditioned on observations Y * , which should be better than the prior U * in the sense ‖Û −Ū‖ < ‖U * −Ū‖. In the Bayesian framework the posterior probability density of U conditioned on observations Y * is given by the Bayes formula [29] :
Looking for the mode of the posterior density p(U|Y * ), i.e., maximizing p(U|Y * ), is the essence of variational data assimilation (estimation). Under the Gaussian assumption on the prior and observation uncertainties, i.e., ε ∼ N(0, B), ξ ∼ N(0, R), where B is the background error covariance and R is the observation error covariance, maximizing p(U|Y * ) is equivalent to minimizing the cost-function [31] :
Thus, the estimateÛ is obtained from the necessary optimality condition
For the operator G(U) we define the tangent linear operator G (U) (Gateaux derivative) and its adjoint (G (U)) * [22] as follows:
(1.9)
Given the above operator definitions, the full gradient of J(u) in (1.7) can be expressed in the form:
Thus, the estimateÛ is the solution to the operator equation
The above presented general operator formulation of DA/estimation problems is common in nonlinear regression and in the inverse problems theory. In the theory of dynamical systems it is usual to formulate DA/estimation problems in terms of nonstationary partial differential equations (PDE) [19] . Let X be the state space such that X = L 2 (0, T; Ω), with a norm ‖ ⋅ ‖ X = (⋅, ⋅)
1/2
X , where Ω is a bounded domain of the natural space R d (d = 1, 2 or 3). For the initial state control problem considered in [12] one can write
where φ = φ(x, t) (analogue of X) is the unknown function belonging to L 2 (Ω) for any time instant t, x ∈ R d is the spatial variable, u(x) ∈ L 2 (Ω), f(x) ∈ X are the initial state and the source term, respectively, and
Suppose that for a given pair (u, f) there exists a unique solution φ ∈ X to (1.12). Next, we introduce the functional
where u * is a prior (background) of u. Thus, operator G is defined by the formula G(u) = C(φ), where φ is the solution to equation (1.12) . Now, consider the following data assimilation problem with the aim to identify the initial condition: Find u ∈ L 2 (Ω) and φ ∈ X such that they satisfy (1.12), and on the set of solutions to (1.12), the functional J(u) takes the minimum value, i.e.
(1.14)
The necessary optimality condition reduces problem (1.14) to the following optimality system [1, 19, 24] :
with the unknowns φ, φ * ,û , where (F (φ)) * is the adjoint to the Frechet derivative of F, and (C (φ)) * is the adjoint to the Frechet derivative of C defined by
We assume that system (1.15)-(1.17) has a unique solution. It is easy to see that this system is a detailed representation of the estimator equation (1.11) in the case the model M in (1.1) is a dynamical model and the input U = {u} is the initial state φ(x, 0). Obviously, the general results obtained for (1.11) are valid for the system (1.15)-(1.17). However, the latter is used for better understanding of the structure of adjoint operators, which is sometimes vital for practical implementation of the variational DA method.
Estimation error covariance and the inverse Hessian

Clarification of the existing theory
In this section, we exploit the main results from [12] and [13] using the general operator formulation, whereas in papers the dynamic formulation is used. The latter has its own value (see Section 2.3).
Let us consider an estimation error δU =Û −Ū and equation (1.11) . We notice that
Then, equation (1.11) yields the error equation
from where the estimation error can be expressed:
Using the first order approximations for operators
we express δU as follows:
where
Here, (⋅) denotes a placeholder for the argument of operators G and H, which shall be called the 'origin'. It has been shown that H(⋅) represents the first-order term in the Hessian of the cost-function J(U) in (1.6) or, otherwise, is the Hessian of the auxiliary cost-function as follows:
where f 1 ∈ Y and f 2 ∈ U are trial functions, including f 1 = 0 and f 2 = 0. We assume that H is positive definite and, hence, invertible. If the errors ξ and ε indeed satisfy the conditions ε ∼ N(0, B), ξ ∼ N(0, R), then the estimation error covariance is
The above relationship is exact for linear G; for nonlinear G it is valid if the tangent linear hypothesis is valid. Since in reality the true valueŪ may not be known, one uses the particular estimate (event)Û instead:
There are several papers presenting essentially the same result for dynamical models [26, 32] . However, there has also been some confusion. For example, H(⋅) is often perceived as a Hessian of the cost-function J(U) in (1.6), whereas it is the Hessian of the auxiliary cost-function J(U) in (2.5). Another important point is that H −1 (Ū) is the best possible approximation to P using H, whereas H(Û) is only an approximation to H(Ū). The latter fact has never been clearly underlined before.
Computing the inverse Hessian using the LBFGS
First, we define the preconditioned (projected) Hessian in the form
which is usually much better conditioned that H. Having computedH −1 in the limited-memory form H −1 is recovered as follows:
It is easy to see thatH is the Hessian of the following auxiliary cost-function:
We use the LBFGS method [20] for generating the limited-memory representation ofH −1 as the by-product of minimization ofJ (⋅, δU). A set of the secant pairs of a given (prescribed) size is accumulated during minimization, then the productH −1 υ is recovered by the BFGS recursion. The key improvement of the quality of approximation (for a given number of the secant pairs) has been achieved by using the exact step search, as described in Section 5.1 in [12] . The optimized (in terms of computational expenses) version of this algorithm is presented in our later paper [11] in Section 6.2.
The Lanczos method is routinely used for computingH −1 , whereas the BFGS or LBFGS are usually seen as inferior to the Lanczos. Indeed, for the same accuracy of approximation achieved, representation using the BFGS update formula is less compact than the eigenvalue representation. The eigenvalue analysis, however, could be noticeably more expensive to compute (in terms of function calls). Besides, control of computational costs in the LBFGS algorithm is easier than in the Lanczos method.
We can cite only [35] (preceding to [12, 13] in time) where the same technique is considered. The main focus in this paper is, however, on methods for computing the inverse of the analysis error covariance P, given the BFGS representation of H −1 obtained in the inner loop of the incremental approach. At the same time, matrix H −1 itself is not of interest and its accuracy is not assessed.
On the importance of dynamic formulation
Let us note that in papers [12] and [13] the dynamic formulation is used. For example in the initial state control problem, the Hessian-vector product is defined by the successive solution of the tangent linear (TL) and adjoint models as follows
where φ(u) is the solution of equation (1.12). These equations correspond to equation (2.4) with U = {u}. The dynamic formulation is important because it shows different implementation options. For example, if operator G is considered as a black box, then operators G U (⋅) and (G U (⋅)) * can be obtained by means of the Automatic Differentiation (AD) following the 'discretize-then-optimize' approach. On one hand, the forward, tangent linear and adjoint models obtained this way are mutually 'consistent'. This is a vital property required for minimization of realistic high-dimensional models. On the other hand, the models generated by means of the AD are often computationally cumbersome and should be optimized manually.
For computing H −1 one must compute the product Hυ several times at the same origin point (model trajectory). Thus, the trajectory may be computed only once. In practice, computing the solution and the perturbation in the AD produced TL model is done 'simultaneously', i.e., one line of the TL solver follows the corresponding line of the direct solver. Moreover, in case of nonlinear iterations (to converge on φ), the TL solver follows step by step the iterative procedure, computing the perturbation variable by increments. This is highly inefficient. For computing the Hessian, however, it might be sufficient to have full consistency between the TL and adjoint models only. The forward and TL models can be partially consistent, i.e., consistent in terms of the discretized operator F(⋅), however the time integration method could be different. In this case the model's trajectory once computed and stored in memory can be supplied into the TL solver. Since the TL model is linear, the nonlinear treatment involved with the forward solver is not involved with the TLM. Thus, one can obtain a computationally efficient TL model. By applying the AD to the auxiliary cost-function (2.5), one can get the code which computes its gradient. The latter defines the product Hυ according to (2.8) . The code involves the adjoint model consistent with the modified TLM. It should be noted that this adjoint may not be suitable for solving the DA problem itself.
For the parameter estimation (control) problem considered in [13] , the mathematical model is described by the evolution problem
where u is the known initial condition, λ ∈ X p is an unknown model parameter and X p is the parameter space. Let us introduce the functional
where λ * ∈ X p is a prior (background) of λ, and B is the covariance of δλ = λ * −λ , and consider the following DA problem with the aim to estimate the parameter λ: For given (u, f), find λ ∈ X p and φ ∈ X such that they satisfy (2.12), and on the set of solutions to (2.12), the functional J(λ) takes the minimum value:
(2.14)
The Hessian-vector product is defined by the successive solution of the tangent linear and adjoint models as follows:
These equations correspond to equation (2.4) with U = {λ}. From (2.9)-(2.11) and (2.15)-(2.17) one can understand the difference between G u (⋅) and G λ (⋅). That is, there exists a basic TL equation (system of PDE-based equations) which describes the evolution of perturbations through the system. However, the perturbations are applied at different entries: at the initial condition (case of the initial value control), and as a source term (case of parameter control). The adjoint equations coincide, the expression for the gradient expressed via the adjoint variable ψ * is different. This structure suggests an easy way of modifying the system (2.9)-(2.11) into (2.15)-(2.17). It is important to keep consistency between operator F λ (⋅, ⋅) and its adjoint. Since F λ (⋅, ⋅) is not acting on ψ, it may not necessarily be consistent with F φ (⋅, ⋅). All these details are important to design a computationally efficient TL and adjoint models for computing the Hessian-vector product (possibly not suitable for computing the gradient of J(U)).
On the role of the Hessian and its inverse
The importance of the Hessian matrix and its inverse in variational DA for geophysical applications is underlined in [32] , although this has been a well-known fact in statistics for decades (see, for example, [3] ). Section 2.1 illustrates that for linear and moderately non-linear DA/estimation problems H −1 (⋅) can serve as an approximation of the estimation (analysis) error covariance matrix. In particular, confidence intervals for the components of the estimateÛ can be defined by the corresponding diagonal elements (variance) of H −1 (Û). A column c i of H −1 (⋅) which includes the ith diagonal element can be obtained by solving the equation H(⋅)c i = e i (where e i is a Euclidean unit vector). If the number of requested diagonal elements is significant, it would be much less expensive to evaluate H −1 (⋅) once and store it in some limited-memory form, than to retrieve necessary diagonal elements using the Hessian-vector product rule. In addition, H −1 (⋅) is involved in several other aspects of statistical pre-and post-processing and design of DA systems. Firstly, as the Hessian H(⋅) is equivalent to the Fisher information matrix (up to a constant multiplier), the diagonal elements of the inverse Hessian can also be used in the context of optimal experimental design involving such optimality criteria as l-optimality [34] , for example. Secondly, the analysis probability density function (pdf) is defined by the estimateÛ and the estimation error covariance. Therefore, random functions from the Gaussian distribution N(Û, H −1 (Û)) can be used as 'particles' of the ensemble of initial states, which may be useful for ensemble forecasting [33] . These functions can be generated using U = U * + H −1/2 (Û)ξ , where ξ ∼ N(0, I), or using the eigenvalues of H(Û) [10] . However, in highly non-linear cases the 'particles' generated using this approach are unlikely to belong to the true posterior distribution, thus one must solve perturbed DA problems. This approach is referred to as the fully non-linear ensemble method [12] , or randomized maximum likelihood method [5] . In these cases, an approximation of H −1/2 (Û) can be used for preconditioning the non-linear minimization process to accelerate convergence, often with impressive results. Thirdly, the analysis error δU and the data errors ε and ξ are related via the approximate error equation (2.3), which can be used as a meta-model for investigating the effects of non-Gaussian data errors on the estimation error pdf. Lastly, if the model depends on parameters ϑ ∈ Θ, where Θ is the parameter space, an important problem is to evaluate the sensitivity of the estimation error to uncertainty ξ ϑ in these parameters. This can be done using the relationship
Once again, H must be inverted to obtain δU. Another application is related to the use of H as a coefficient matrix (and preconditioner) in incremental 4D-Var [7] . In this approach, each step of an outer iterative Gauss-Newton process is of the form U j+1 = U j + α j δU j , with a discrete approximation U j of the unknown initial state at iteration j, descent step α j and update (descent direction) δU j . As the update satisfies
where G(U j ) is the gradient of the cost function, a system of linear equations involving H has to be solved at each step. Given a Hessian-vector product evaluation routine, the systems in (2.18) are usually solved iteratively using, for example, the conjugate gradient (CG) algorithm. An approximation of H −1 or H −1/2 , if available at a reasonable cost, can therefore be used to precondition equation (2.18) to accelerate convergence of this inner iteration.
Effective inverse Hessian method
Theory of the method
In the present paper, we use the main results from [11] and [28] . As mentioned above, the DCA error contains two components: linearization error component and the origin error component. First, we will see how the linearization component can be reduced.
Let us first consider a related abstract problem. Let g be a random vector of dimension n defined as follows
where ξ is a Gaussian random vector of dimension n with zero mean and the covariance matrix B ξ , η(ξ) is a random vector with elements which are linearly or nonlinearly dependent on ξ , u is a given non-random vector and A is a n × n matrix with elements a i,j nonlinearly dependent on u and η. Let us assume that the matrix A can be presented in the form
where A(u, 0) is the non-random part of A and δA(u, η) is the random part. The covariance matrix of the vector g is
One can see that if η does not depend on ξ , i.e., vectors η and ξ are not correlated, then E[g] = 0, and
For correlated vectors η and ξ (since we assume that η = η(ξ)), the following proposition can be put forward.
] is a better approximation to P g in (3.1) than A(u, 0)B ξ A T (u, 0), both in terms of the Frobenius and Riemann distances. The approximation accuracy increases when the correlation level between η and ξ decreases. The justification of this proposition is provided in [11] , and its validity has been analyzed numerically.
Let us consider equation (2.2) in the form
Since the nonlinear least-squares estimator is asymptotically unbiased, we assume that E[δU] is small and, therefore, for the covariance P we have an expression as follows:
As discussed in the beginning of this Section, we approximate the products ξξ T , εε T , ξε T , and εξ T in (3.
4) by E[ξξ T ] = R, E[εε T ] = B, E[ξε T ] = 0, and E[εξ T ]
= 0, respectively. Thus, we write an approximation of P as follows:
where the expression in the round brackets is the Hessian (2.4) at the pointŪ + δU. Therefore, equation (3.5) can be written in the form
The value τ = 1/2 is the optimal one to achieve the best approximation of a difference E[G(Ū +δU)−G(Ū)] by E[G U (Ū+τδU)δU], for δU ∼ N(0, P). In this case, however, one must deal with operator H(Ū, δU, τ = 1/2), which is neither symmetric, nor positive definite, that may seriously complicate its eigenvalue analysis and the subsequent limited-memory representation. Besides, the double product formula is sensitive to the errors which result from the already accepted approximations. By assuming τ = 1 in H(Ū, δU, τ) and keeping in mind that H(Ū, δU, τ = 1) := H(Ū + δU) this formula can be further simplified by the following expression:
The right-hand side of (3.7) may be called the 'effective inverse Hessian', hence the name of the suggested method. In order to compute P directly using this equation, the expectation must be substituted by the ensemble mean:
whereÛ l are elements from the ensemble of estimates {Û l }, l = 1, . . . , L, being obtained using perturbed data. Obviously, having such ensemble evaluated, the covariance matrix can be computed according to its definition as follows:P
The advantage of (3.8) is, however, that for L = L s it gives much better approximation of P than (3.9), particularly for small L s .
Key implementation details 3.2.1 Preconditioning
Implementation of formula (3.8) implies that L inverse Hessians have to be computed. This looks like an extremely laborious task, however, computational costs can be drastically reduced by preconditioning. We notice that the inverse Hessians are evaluated at the origin points perturbed around the true input valueŪ, which means that the difference between H −1 (Ū + δU l ) and H −1 (Ū) can be described by just a few low-rank updates. Thus, we consider a projected Hessian in the form
and useH −1/2 (Ū) for the second-level preconditioning ofH(Ū + δU l ) as follows:H
One can see that̃H(⋅) is the Hessian of an auxiliary cost-functioñ
The limited memory approximation of̃H(⋅) is evaluated as a by-product of minimization of this cost-function by the LBFGS method, then, H −1 (Ū + δU l ) is recovered by the formula
Taking into account (3.8) and (3.13), the expression for the optimal solution error covariance P reads
The first step is, therefore, to find a limited-memory approximation ofH −1 (Ū). This is done by minimizing the auxiliary cost-function (2.8) using the LBFGS algorithm. Next, having the productH −1 (Ū) ⋅ υ defined, one can evaluate the leading eigenpairs ({λ
k }, k = 1, . . . , K 0 ) ofH −1 (Ū) using the Lanczos algorithm. Given the leading (maximum magnitude) eigenpairs ({λ k , W k }, k = 1, . . . , K) of any symmetric operator A, the limited-memory representation of A in power β can be constructed as follows:
In particular, for the square-rootH −1/2 (Ū) we get:
It should be noted that at this factorization stage we do not run PDE models, so the Lanczos method is affordable. The productH −1/2 (Ū) ⋅ υ is involved in (3.12).
Quasi-random approach
The implementation of formulas (3.8) or (3.14) requires a set of estimatesÛ l =Ū + δU l , l = 1, . . . , L, to be computed. Each estimate is a solution to the original data assimilation problem for the cost-function (1.6) with perturbed data U * l =Ū + ξ l and Y * l =Ȳ + ε l , where ξ l and ε l are random events from ξ ∼ N(0, R) and ε ∼ N(0, B) , respectively. Evaluating such a set could be fairly expensive.
Here, an alternative approach is suggested. If we denote by f δU the multivariate probability density of the estimation error δU, then the equation (3.7) can be re-written in the form
Since we assume that the estimation error is approximately Gaussian with zero mean and covariance P, we obtain
In contrast to formula (3.8), the above expression is a nonlinear matrix integral equation (deterministic) with respect to P, while υ is a dummy variable. This equation can be solved by the fixed point iterative process
for k = 0, 1, ..., starting with P 0 = H −1 (ū ).
The evaluation of the multi-dimensional integral in (3.19) using the quasi-Monte Carlo method means returning to formula (3.8) . Taking into account (3.19) , the iterative process can be represented in the form is not an estimation error itself, but a vector having the statistical properties of this error. It is generated as follows: δU
where η l is a quasi-random sequence from N(0, I). This approach is similar to the inflation approach used in statistical estimation methods (ensemble Kalman and particle filtering). If the preconditioning (3.10)-(3.11) is involved, process (3.20) reads as follows:
where δU k l ∼ N(0, P k ), and the perturbation is defined as follows:
Finally, the covariance P in the original space is recovered by the formula
4 Estimation error covariance versus Bayesian posterior covariance
General theory
In this section, we use the main results from [14] , which point out the difference between the classical estimation (analysis) error covariance and the Bayesian posterior covariances, both in theoretical and computational aspects. The estimation error covariance is associated with trying to find an approximation around the truthŪ, whereas the data is also assumed to come from the truth:
and ε ∼ N(0, B) are the observation and background error, respectively. The estimation error is defined as δU = U −Ū and its covariance is given by
where E a denotes averaging (expectation) with respect to the probability density function (pdf) ρ a which, taking into account the definitions of the data Y * and U * , can be defined as follows:
The Bayesian posterior covariance is given by
where E p denotes averaging (expectation) with respect to the pdf
In the above formula Y * 0 stands for the actual observations made by an instrument. It could be, in principle, seen in the form Y * 0 = G(Ū) + ξ 0 , where ξ 0 is no longer a random variable, but a particular event (number) from N(0, R). However, this representation is not used in the Bayesian approach. Similarly, U * 0 stands for the actual background. Then, the estimateÛ 0 satisfies the equation
The posterior covariance is often approximated by trying to find the second moment of ρ p centered aroundÛ instead of E p [U], which is natural becauseÛ is the output of 4D-Var. In the linear Gaussian setup E p [U] andÛ coincide. This is not true in general, but can be expected to be a good approximation if the volume of data is large and /or noise is small (due to the asymptotic properties of the nonlinear least-square estimator, see [3] , Vol. 1, Ch. 6). Most importantly, due to different centering of Gaussian data, the Bayesian posterior covariance and the estimation error covariance are different objects and should not be confused. However, they are equal in the linear case.
In order to simulate distribution (4.3) we define perturbed data as follows: Y * = Y * 0 + ξ and U * = U * 0 + ε. Then, the perturbed estimateÛ satisfies equation
One way to derive the error equation is to subtract (4.4) from (4.5). For the difference in the residual terms we obtain
Using the Taylor-Lagrange formula [22] the expressions in the brackets take the form
For the difference in the penalty terms we obtain
Combining (4.6) and (4.7) we obtain the error equation as follows:
In the operator form this equation can be rewritten as
It should be noted that, generally, H is neither symmetric, nor positive definite. The estimation error is expressed from (4.9) as follows:
Next, we approximate (4.2) by the formula
Since operators H(Û,Ũ 1 ,Ũ 2 ) and G U (Û) nonlinearly depend on δU, it is not possible to consider them as constant multipliers when applying the expectation operator. One way is to fixÛ,Ũ 1 ,Ũ 2 at the valueÛ 0 . In this case H(⋅) becomes the Hessian of the cost-function (1.6) at the origin pointÛ 0 . Next, by applying (4.12) we obtain
(compare this equation to (2.7)).
Since the condition number of the double product H −1 HH −1 is usually larger than the condition number of its components H and H, the above formula could be quite sensitive to the approximation errors. One way is to simplify this formula assuming H and H are not very different. This simplification is
and, subsequently,
Another approach is to use the 'effective inverse Hessian' method presented in Section 3. In this case equation (4.13) becomes
Implementation
As before, the computationally efficient and, therefore, feasible implementation is achieved using preconditioning. The first-level preconditioning yields
and the second-level preconditioning yieldsH
At the first step we compute the leading eigenpairs ({λ
. This allows H −1/2 (Û 0 ) to be defined in the limited-memory form. Then, inside the ensemble loop (index l) we compute: a) the leading eigenpairs ({λ (4.18) ; b) the leading eigenpairs ({λ
For a reasonably small δU l =Û l −Û 0 , the number K l of eigenpairs describing the Riemann distance betweenH(Û l ) andH(Û 0 ) has to be small as compared to K 0 . Similarly,K l has to be small as compared to K l because the difference betweenH(Û l ) andH(Û l ) is only due to the presence of the second-order term. Thus, the expenses of computing the eigenpairs {λ
k } for given l can make only a fraction of those associated with computing {λ
Given all eigenpairs are computed, the posterior covariance in (4.16) is evaluated as follows:
In (4.20), cases α = 2, α = 1, and α = 0 correspond to approximations (4.13), (4.14), and (4.15), respectively. The quasi-random implementation described in Section 3.2.2 is applied to substituteÛ l byÛ 0 + δU l . In the dynamic formulation the Hessian-vector product H(⋅)υ is defined by the successive solutions of the following problems [12] :
Here φ and φ * are involved, being taken from (1.15)-(1.16). The problem (4.22) is the so-called second-order adjoint problem [16] . One can see that it is a standard adjoint problem with a specially defined source term (F (φ)ψ) * φ * . For certain F, this term is relatively expensive to compute as compared to (F (φ)) * ψ * , which could be a difficulty if the explicit time integration scheme is used. This is not an issue, however, when the implicit or semi-implicit schemes are used.
Conclusions
The main issue considered in this paper is the relationship between the Hessian of the cost-function and the estimation error covariance matrix in variational DA, whereas the discussion is focused on the essentially nonlinear case. In the classical (frequentist) statistical approach the estimation error δU is considered as a difference between the estimateÛ and the 'truth'Ū. The corresponding covariance matrix can be approximated by the inverse of the Hessian H of an auxiliary cost-function computed at the 'truth' point. If the 'truth' is known (the identical twin experiment framework only), this is the first-order approximation with respect to δU. In practice, the Hessian is computed at the estimateÛ 0 , which is obtained after assimilating the real data. The difference betweenÛ 0 andŪ yields an additional error in the covariance (the origin error), which can not be removed in principle. Evaluating the inverse Hessian using the LBFGS algorithm with exact step search has been a novel computational approach. In the Bayesian approach the estimation error δU is considered as a difference between the estimatesÛ andÛ 0 , conditioned on a perturbed and unperturbed data, respectively. Due to different centering of data, the first-order (with respect to δU) approximations of the estimation (analysis) error covariance and the Bayesian posterior covariance are different and should not be confused. The latter is computed via the Hessian-product formula (4.13), which involves both the Hessian of the original cost-function H and the Hessian of the auxiliary cost-function H (often called the Jacobian). In the dynamic formulation the Hessian-vector product H(⋅)υ is defined by the second-order adjoint problem. The formulas of the type (4.13) occasionally appear in the literature on statistics and nonlinear regression in the general context of nonlinear least-squares (see, e.g., [9] ).
Introducing the 'effective' Hessian-based covariance approximations (3.8) and (4.16), as well as the relatively feasible methods for their evaluation, is our main contribution in terms of novelty. The concept of such approximations stems from the exact error equations (2.1) and (4.8), the idea of which, in turn, has been first presented in [17] . In practice, evaluating (3.8) or (4.16) requires an ensemble of the inverse Hessians H −1 (Û l ), or the products H −1 (Û l )H(Û l )H −1 (Û l ) to be computed, however the size of such ensemble can be small enough (L = 25 ÷ 50). The suggested method can be regarded as an alternative to the standard sampling-based covariance evaluation method (involving localization and other possible tricks). The latter requires much larger ensemble size to achieve a similar approximation quality. The ways of improving the accuracy of the 'effective' Hessian-based covariance approximations are the matter of future research. 
